Bacterial communities are composed of distinct groups of potentially interacting lineages, each 26 thought to occupy a distinct ecological niche. It remains unclear, however, how quickly niche 27 preference evolves and whether more closely related lineages are more likely to share ecological 28 niches. We addressed these questions by following the dynamics of two bloom-forming 29 cyanobacteria genera over an 8-year time-course in Lake Champlain, Canada, using 16S 30 amplicon sequencing and measurements of several environmental parameters. The two genera, 31
INTRODUCTION 49
Microbial communities are composed of potentially diverse groups of lineages, which 50 must be sufficiently similar to survive in the same habitat, yet sufficiently dissimilar to occupy 51 distinct ecological niches and avoid competition. This tension between selection for common 52 traits to survive in a common environment (habitat filtering) and selection for divergent traits to 53 reduce competition (niche partitioning among closely-related species) was recognized by Darwin, 54 and the relative impacts of the two processes on communities is still debated (Cavender-Bares et 55 al., 2009). A pioneering study of microbial communities using phylogenetic marker genes found 56 evidence for phylogenetic clustering, suggesting the importance of habitat filtering in selecting 57 for closely-related taxa sharing specific traits allowing them to survive in a given habitat Devine and Bohannan, 2006). However, phylogenetic overdispersion (the opposite pattern as 59 phylogenetic clustering) has also been observed, suggesting that competition between closely-60 related taxa can lead to niche partitioning (Koeppel and Wu, 2014) . Importantly, the power to 61 detect phylogenetic overdispersion depends on the phylogenetic resolution (e.g. whether 62 operational taxonomic units are defined at 97, 98 or 99% identity in a marker gene) (Koeppel and 63 Wu, 2014) . 64
Beyond searching for phylogenetic patterns of clustering or overdispersion, explicitly 65 considering the associations between microbial traits and niches can help understand the selective 66 pressures shaping microbial communities on different evolutionary time scales. It is known that 67 certain traits (e.g. salinity preference, methanogenesis) are slow-evolving and thus restricted to 68 only certain lineages, whereas other traits (e.g. phage resistance, organic phosphate utilization) 69 can be acquired by a single point mutation or gene acquisition, thus evolving rapidly in response 70 to ecological selection and competition (Martiny et al., 2015) . Therefore, habitat filtering might 71 be stronger for slow-evolving traits, while niche partitioning will be more likely for fast-evolving 72
traits. 73
In this study, we use Hutchinson's definition of a fundamental niche as the set of abiotic 74 conditions under which an organism can survive and reproduce, and a realized niche as the 75 conditions under which it is actually observed in practice, accounting for both abiotic and biotic 76 (e.g. competition, predation, cooperation) interactions (Hutchinson 1957 Pairs of taxa with similar realized niches can be identified when they co-occur in repeated 85 sampling over space and time, and such co-occurrence networks are readily inferred from deep 86 amplicon sequencing datasets (Friedman and Alm, 2012) . 87
Cyanobacteria are widely and naturally present in freshwater ecosystems, and some 88 lineages form blooms under appropriate conditions of temperature and nutrients (Konopka and 89 Broke, 1978; Harke et al, 2015) . Several studies have shown that, at the genus level, some bloom-90 forming cyanobacteria share similar niches (Pearl et al, 2001; Yamamoto, 2009 ) allowing them to 91 co-occur during bloom events. However, the degree of similarity among ecological niches of co-92 occurring cyanobacteria (e.g. Microcystis and Dolichospermum) remains unclear. 93
We investigated niche partitioning among Microcystis (M) and Dolichospermum (D) that 94 induce blooms nearly every year in a large eutrophic North American lake, Lake Champlain. In a 95 previously described 8-year time-course analysis (2006 to 2013) spanning multiple bloom events, 96
we used 16S amplicon sequencing to broadly survey changes in the lake microbial community 97 over time, generally at the genus level (Tromas et al., 2017) . Here, we use Minimum Entropy 98
Decomposition of amplicon sequences (Eren et al., 2015) to identify sub-genus strains (MED 99 nodes; here used interchangeably with "strains") within each of the two dominant cyanobacterial 100 genera, M and D, at single nucleotide resolution. A previous study demonstrated that oligotypes 101 (similar to MED nodes) lacked the resolution to distinguish toxic and non-toxic Microcystis 102 lineages, but could potentially be informative about other, more phylogenetically conserved 103 niches (Berry et al., 2017) . We used a combination of genetic data (diversity of MED nodes) and 104 matched environmental data (e.g. temperature, nutrient concentrations, precipitation) to address 105 three specific questions. First, how similar are the niches of the two dominant cyanobacterial 106 genera M and D? Second, how similar are the niches of strains within each genus? Third, how 107 does niche similarity change with genetic relatedness? We confirm that M and D are broadly co-108 occuring during blooms, but have distinct nutrient preferences. We also identified niche 109 partitioning at the sub-genus level, and observe a general decline in realized niche similarity with 110 genetic distance, consistent with habitat filtering. However, certain niche dimensions (particulate 111 nutrient concentrations) show a complex polynomial relationship with genetic distance, 112
suggesting that a combination of habitat filtering and competitive interactions shapes the 113 evolution of these traits. (version 2.7) and custom scripts. Minimum Entropy Decomposition (MED) was then applied to 132 the filtered and merged reads to partition sequence reads into MED nodes (Eren et al., 2015) . 133 MED was performed using the following parameters -M noise filter set to 500 resulting in ~7% 134 of reads filtered and 942 MED nodes. Samples with less than 1000 reads were removed, yielding 135 a final dataset of 135 samples. Finally, taxonomy was assigned using the assign_taxonomy.py 136 QIIME script (default parameters), and a combination of GreenGenes and a freshwater-specific 
Node-environment relationships analysis 160
To investigate node-environment relationships, we used an environmental data matrix that 161 included: particulate phosphorus in µg/ L (PP, the difference between TP and DP), particulate 162 nitrogen in mg/ L (PN, the difference between TN and DN), soluble reactive phosphorus in µg/ L 163 (DP), dissolved nitrogen in mg/ L (DN), 1-week-cumulative precipitation in mm and 1-week-164 average air temperature in Celsius. The measurements of the different environment variables are 165 described in Tromas et al (2017) . In this previous study, we showed that these environmental 166 variable, over the 8 years, were not correlated with one another. 167 168
Response to abiotic factors 169
To analyze the response of each node to abiotic environmental data, we used a Latent 170 . LVM is a model-based approach for analyzing multivariate data (e.g. numerous taxa 173 within the response matrix) that partitions the different drivers of taxa co-occurrence patterns into 174 two components: the first is a regression component, which models the taxa-specific 175 environmental responses, and the second is a latent variable component, which is used to identify 176 residual patterns of co-occurrence resulting from unmeasured factors and/or biotic interactions 177 (Letten et al. 2015) . In this study, we used LVMs to examine how taxa co-respond to abiotic 178 gradients, and used these co-responses as a proxy for niche similarity. To do so, we extracted the 179 environmental correlation matrix from the regression model, which, for any two taxa, 180 corresponds to the correlation between their fitted values (x i β j ). In particular, for each node we 181 calculated the predicted probability of mean abundance for each site on linear and nonlinear (i.e. 182 Y ~ X + X 2 ) response scales, providing a vector of fitted values. Correlations among the fitted 183 responses of any two taxa were then calculated based upon these vectors (correlating the vector 184 of taxon A with the vector of taxon B, for instance). 185
We first tested LVMs using a response matrix of two columns, corresponding to the 186 relative abundances of the D and M genera, relative to the rest of the bacterial community. For 187 these models, D and M abundances were normalized by the total counts of all bacteria using the 188 centered log ratio to correct for data compositionality (clr-inter genera) (Aitchison, 1986; Paliy 189 and Shankar, 2016) using a a zero-replacement procedure as suggested in Gloor and Reid (2016) . 190
To then examine dynamics within these genera, we ran separate LVMs for D and M nodes (i.e. 191 response matrix consisted of the D and M nodes, respectively). For this second set of LVMs, 192 node abundances were normalized by the total counts of D and M, respectively, to obtain an 193 intra-genera relative abundance (clr-intra genera) for each node. Environmental variables were 194 standardized to mean zero and unit variance to reduce the correlation between the linear (X) and 195 nonlinear (X 2 ) fit, which also simplified model interpretation and stabilized MCMC sampling. As 196 most of the D nodes were conditionally rare, we included only the D nodes that were present in at 197 least 70% of samples, to avoid overfitting based on too little data. To complement this 198 multivariate LVM analysis and help visualize the univariate response of each genera and node to 199 the suite of environmental variables, we also tested linear (degree-1 polynomial) and nonlinear 200 (degree-2 polynomial) relationships between each response and explanatory variable. We used 201 AIC to find the single best-fit model (either linear or nonlinear) for each relationship and plotted 202 the best-fit model. 203
Lastly, to test whether co-responses or niche separations were stronger for more closely or 204 distantly related nodes, we extracted the correlations between fitted responses of any two nodes 205 from the environmental correlation matrix of each best-fit LVM and examined the relationship 206 between each significant correlation and the pairwise genetic distances of the two respective taxa 207 To explore the temporal dynamics of the finer-scale taxa within each genus, we partitioned each 242 genus MED nodes, which we call "strains" (Methods). We obtained 25 D strains and 6 M strains, 243 and after accounting for low-abundance strains that may be missing from the samples using 244 Breakaway (Methods), we conclude that diversity is significantly lower within M than within D 245 (P<0.001). The difference in the number of nodes is unlikely to be an artifact of sequencing 246 depth, because there is no correlation between the number of sequence reads and the number of 247 nodes per genus ( Figure S2) . D thus appears to be more diverse than M. 248
We then examined whether nodes within the M and D genera followed the same temporal 249 dynamics. We observed that 15/25 D nodes were conditionally rare, meaning that they are 250 usually rare but occasionally become relatively abundant, without following any apparent rhythm 251 ( The proportion of rare D nodes was significantly higher than what is observed in other genera in 259 the lake community (Fisher test, P < 0.001). Several conditionally rare D nodes seemed to 260 dominate several times without showing seasonal patterns ( Figure S3 ). Furthermore, we noticed a 261 shift in node composition after 2011, where node D5505 decreased while D2282 increased in 262 relative abundance. In contrast, we only found one conditionally rare M node. However, only two 263 M nodes (M5732 and M5733) were consistently dominant over time ( Figure S4) . Similarly, only 264 two D nodes, but not always the same two, dominated at any given time ( Figure S3 ). Overall, 265 these results suggest that D is more genetically diverse, and that this genetic diversity varies over 
How similar are the niches of strains within a genus? 283
Numerous studies have focused on environmental condition that favour cyanobacterial blooms, 284 but few studies have examined how different cyanobacterial strains might respond differently to 285 environmental conditions due to niche partitioning. We observed that D and M strains, within 286 each genus, appear to have qualitatively different dynamics (Figure S3, S4) . To test whether these 287 different dynamics were due to niche partitioning, we first analyzed how the different strains 288 within each genus were related to environmental variables, and then used Latent Variable Models 289 (LVMs) to determine the co-responses (niche similarity) as well as niche separation between 290
strains. 291
We found that nearly all (19/20) of the significant relationships between strain relative 292 abundances (within each genus) and environmental conditions were linear (Figure 2 ; Table S2 ). 293 D nodes D2282 (red) and D5630 (green) showed opposite responses to nutrients (PP and PN) and 294 precipitation (Figure 2A) . The LVMs confirmed a significant niche separation for these niche 295 dimensions ( Figure S6 ). In contrast, nodes D2424 and D5630 both displayed a similar negative 296 relationship (Figure 2A ), resulting in a significant co-response (niche similarity) to DN (Figure  297   S6 ). Within the M genus, we observed several nodes with similar responses to PP, PN and DP 298 ( Figure 2B) , and significant co-responses between nodes were detected for these niches (Figure  299 S7). We also found significant niche separations for DN (involving M5732, M5733 and M5738) 300 and temperature (involving M5734 and M5738) ( Figure S7) . Overall, the LVM analysis showed 301 that niche separation occurs among nodes within a genus. In D, niche separation occurred mainly 302 in the niche dimensions of particulate nutrients (PP and PN) and precipitation ( Figure S6 provided the best-fit (see Table S1 for 320 
How do niche preferences vary with genetic distance? 333
When two taxa share the same realized niche (i.e. where they are actually able to survive in the 334 wild, including biotic and abiotic niches), they are more likely to be observed together, and thus 335 to be correlated in survey data. We therefore used co-occurrence patterns between pairs of nodes 336 as a proxy for similarity in their realized niches, and asked if more genetically similar nodes are 337 more likely to have similar realized niches. Indeed, we found that pairwise SparCC correlation 338 coefficients between nodes tends to decline with genetic distance (Figure 3) . 
Sparcc Correlation
Genetic distance when considering only this distance range) followed by a flatter relationship for genetic distance 352
>0.01. 353
We also identified non-cyanobacterial MED nodes that co-occurred with each D and M 354 node, as a proxy for microbial interactions that define their biotic niches. We found that M nodes 355
were generally more connected with other members of the bacterial community ( Figure S9 ), and 356 relatively few taxa (5 out of 26; Table S5 ) are correlated with both M and D. Overall, this 357
suggests that M and D strains co-occur with distinct sets of other bacteria, and thus have distinct 358 realized biotic niches. 359
Finally, we asked whether the decline in niche similarity with genetic distance (Figure 3 ) 360 was a common feature of all niche dimensions, or if different abiotic parameters showed different 361 patterns. We considered all significant models, both linear and non-linear as shown in Figure 4 362 (for D) and Figure S8 (for M). We found a negative linear relationship between DN niche 363 similarity and genetic distance (adjusted R 2 =25%, P = 0.0791). Qualitatively, most other niche 364 dimensions showed a similar pattern for D (Figure 4) , and among M nodes we found a significant 365 negative linear relationship between the correlated fitted response to microcystin concentrations 366 and genetic distance ( Figure S8 ). However, we also identified non-linear relationships between D 367 niche similarity and genetic distance for PP (adjusted R 2 =69%, P = 0.0184) and PN (adjusted 368 R 2 =63%, P= 0.0280). For these niche dimensions, the correlation of fitted responses declines 369 from genetic distances of 0 to ~0.01, then rises to another peak around ~0.03 before declining 370 again (Figure 4) . 371 Genetic distances were computed using the p-distance. Separate model fits were tested for the 377 relationship between each niche dimension and genetic distance. See Table S4 for details of 378 model fits. Overall, our results show how Microcystis and Dolichospermum can achieve similar levels of 383 dominance during cyanobacterial blooms by partitioning niche space at the genus and sub-genus 384 level. Over eight years of sampling, we observed that Dolichospermum and Microcystis generally 385 co-occurred during blooms, suggesting a broadly similar physico-temporal niche (Figure 1 ; 386 Figure S1 ). However, we confirmed that D was associated with lower concentrations of dissolved 387 nitrogen, consistent with its known ability to fix nitrogen (Harke et al., 2016 , Andersson et al., 388 2015 while M was associated with higher concentrations of dissolved phosphorus ( Figure S5) . 389
To dissect niche preferences at finer taxonomic resolution, below the genus level, we used 390 minimum entropy decomposition (MED), allowing single-nucleotide resolution of 16S amplicon 391 sequences. Finer taxonomic resolution has been shown to increase the power to correctly identify 392 phylogenetic overdispersion, a signature of competitive interactions being more important than 393 habitat filtering (Koeppel and Wu, 2014). However, even at high resolution, the 16S marker gene 394 may be too slow-evolving to be a good marker for fast-evolving traits, such as toxin production 395 were conditionally rare, some of them being bloom-associated in some years but not in others 400 (e.g D2282, Figure S3 ). Microcystis nodes, on the other hand, were less diverse but more 401 consistently bloom-associated (nodes M5732 and M5733; Figure S4 ) and more correlated with 402 other taxa ( Figure S9 ), suggesting that the two dominant bloom-forming genera might use 403 different ecological strategies, beyond what is already known about nitrogen and phosphorus 404
utilization. 405
Examining niche partitioning below the genus level also allowed us to detect patterns not 406 evident at the genus level. For example, Dolichospermum is associated with higher 407 concentrations of PP and PN at the genus level ( Figure S5 ), but contains a strain (D5630) that 408
shows the opposite pattern (Figure 2 ). Within Microcystis, niche partitioning occurred mainly for 409 temperature and DN, and the two most dominant M nodes had a significant niche separation for 410 DN (Figure 2; Figure S7 ). It is known that Microcystis does not fix atmospheric nitrogen, but is Also consistent with the general importance of habitat filtering in shaping cyanobacterial 423 communities, we observed that closely-related strains tended to have similar co-responses to 424 several measured environmental parameters. For example, we found negative linear relationships 425 between niche similarity and Dolichospermum genetic distance for most niche dimensions, 426 particularly DN (Figure 4) . In Microcystis, we found that more genetically similar strains tended 427 to be observed at more similar concentrations of the toxin microcystin ( Figure S8 ). Although 16S 428 is a poor marker for microcystin production (Berry et al., 2017) , our results suggest that 429 phylogenetic relatedness is nevertheless somewhat predictive of microcystin concentrations. This 430 means that microcystin production or tolerance is more likely to be shared by close relatives. 431
In contrast to the general pattern of declining niche similarity with genetic distance, PN 432 and PP both had non-linear relationships with genetic distance in Dolichospermum (Figure 4) . 433
After an initial decline in co-responses to PN and PP to a genetic distance of ~0.01, co-response 434 rose to another peak at ~0.03 before declining again. This response is consistent with near-435 identical MED nodes sharing the same preferences for PN and PP concentrations, and that 436 competition between close-relatives (up to genetic distance of ~0.01) imposes divergent selection 437 for distinct niche preferences. The similarity in PN and PP niches for more distant relatives 438 (distance ~0.03) can be explained if distant relatives have diverged to reduce competition in other 439 niche dimensions, allowing them to converge in PN and PP preferences. It is unclear why this 440 non-linear relationship is observed for PN and PP, but not for other niche dimensions. However, 441 it highlights the importance of considering each niche dimension separately, because adaptation 442 to different niche dimensions can occur at dramatically different rates (Martiny et al., 2015) . 443
